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Introduction
Intraspecific genetic diversity, a measure of the genetic variation within populations, is a fundamental dimension of biodiversity. Intraspecific genetic diversity is a reflection of both past and current evolutionary bottlenecks, as well as an indicator of a population's potential for adaptation to future stressors (Hewitt 2000; Reed & Frankham 2003; Frankham 2005; Bijlsma & Loeschcke 2012) . Understanding the drivers of genetic diversity change worldwide, across taxonomic groups, is of great interest to ecologists and conservation biologists (Hughes et al. 2008; Pereira et al. 2013; Mimura et al. 2017; Paz-Vinas Ivan et al. 2018) . Humans are now acting as an evolutionary force, modifying rates of extinction and colonization, but also altering the intraspecific genetic diversity of plants and animals around the world (Palumbi 2001; Alberti 2015; Thomas 2015; Schlaepfer et al. 2018) . To date, no global assessment of temporal trends in genetic diversity has been conducted, nor have human impacts on such trends been quantified.
Theory predicts that human activities can affect intraspecific genetic diversity via demographic and evolutionary mechanisms (Kimura 1968 (Kimura , 1983 King & Jukes 1969) .
Depending on how human disturbances alter selection, drift, gene flow, and mutation rates, intraspecific genetic diversity may decrease, increase, or remain unchanged over time (DiBattista 2008) . For example, disturbances like habitat fragmentation and excess harvesting can reduce diversity due to sustained selection, decreased gene flow linked to population isolation, and chronic inbreeding associated with reduced population sizes (Banks et al. 2013) . Alternatively, human disturbances can maintain or increase genetic diversity through time, for example by magnifying temporal variation in selection, increasing mutation rates (e.g. mutagenic pollutants), or creating environments which favour hybridization and heterozygote advantage (Dubrova et al. 1996; Ellegren et al. 1997; Bickham et al. 2000; Crispo et al. 2011) . Over time and across geographic space, these outcomes can accumulate within populations such that intraspecific genetic diversity reflects a complex combination of past and present evolutionary processes that we are only beginning to investigate at the global scale.
Trends in intraspecific genetic diversity are expected to be scale-dependent as are trends in other dimensions of biodiversity (McGill et al. 2015; Jarzyna & Jetz 2018; Schlaepfer et al. 2018 ). Human disturbances occur at different scales (e.g., habitat loss and fragmentation) but the impacts on genetic diversity should be strongest at the scales that impact the size and fitness of individual populations and migration among them within metapopulations. To detect those impacts it is imperative that assessments are conducted and repeated at local scales to capture population trends. Since rates of population extirpation exceed those of species extinction (Hughes et al. 1997 ), assessments at the population level are also most appropriate for biodiversity management strategies (Ceballos et al. 2017; Lawrence et al. 2019) . In terms of genetic diversity, assessments conducted at spatial scales larger than the geographic extent of interbreeding populations will inflate diversity values, particularly when individuals from distant and genetically divergent groups are aggregated. The sampling of individuals in this manner may confound our ability to understand genetic diversity patterns and their relationships with anthropogenic drivers.
A recent global assessment of mammal and amphibian genetic diversity, analyzing the large number of mitochondrial sequences deposited in public repository, found evidence of reduced genetic diversity in human-impacted regions (Miraldo et al. 2016) . However, this analysis focused on one broad spatial scale of analysis unlikely to reflect population-level processes and human impacts, and used a simple categorical classification of human impacts based on anthropogenic biomes ('anthromes'; Ellis & Ramankutty 2008) . The study also failed to account for the decay of genetic similarity with increasing distance between sequences, a potentially strong driver of genetic diversity (Gratton et al. 2017 ) which may itself be affected by human disturbances (e.g., via changes in land use heterogeneity). Finally, in the analysis by Miraldo et al. (2016) , sequences were grouped together irrespective of collection year, which could misrepresent patterns if important temporal trends in genetic diversity exist within populations, or if land use in sampled areas differed between the year of sequence collection and the year for which the global anthrome map (Ellis & Ramankutty 2008) was generated.
Here, we also take advantage of the large number of mitochondrial sequences in public repositories to conduct the first large-scale assessment of human impacts on animal intraspecific genetic diversity, taking into account spatial autocorrelation, temporal trends, and the scaledependence of results. We overlay time-referenced mitochondrial cytochrome c oxidase subunit I (COI) sequence data (Moritz et al. 1987) for four animal classes (birds, inland and coastal bony fishes, insects, and mammals) on year-specific, worldwide, and continuous estimates of human density and land use (the raw estimates on which anthrome classifications are based). We calculated the mean pairwise dissimilarity among all sequences from a population to estimate nucleotide diversity (̂), a measure of population genetic diversity, and examine its distribution in time, geographical space, and across major human impact gradients. We used spatial and time series analyses to test the following three predictions: 1) genetic diversity is lower in populations exposed to intensive land use and high human population density, and this relationship is strongest at small spatial scales (i.e., in populations that only include sequences in close geographic proximity); 2) genetic diversity is declining over time, but only consistently in human-impacted populations, otherwise we expect no systematic trend; and 3) based on previous findings (Miraldo et al. 2016; Gratton et al. 2017) , we also expect a latitudinal gradient in genetic diversity, at least in mammals.
Material and methods
Sequence and human impact data R version 3.5.0 (R Core Team 2018) was used for all data manipulations and analyses described below. To determine human impacts on intraspecific genetic diversity, we combined a large dataset of georeferenced animal genetic sequences with global estimates of land use and human population density. Mitochondrial cytochrome c oxidase subunit I (mtDNA COI) sequences for birds (Aves), fishes (Actinopterygii), insects (Insecta), and mammals (Mammalia) were downloaded from the National Center for Biotechnology Information (NCBI) 'GenBank' (Benson et al. 2013 ) and from the 'Barcode of Life Data Systems'(BOLD; Ratnasingham & Hebert 2007) in April 2017. Sequences from GenBank were retrieved with the Entrez Utilities Unix Command Line, while for BOLD we used the application platform interface. Only sequences with documented geographic coordinates and sampling dates available in the databases were downloaded. Species and year-specific sequence alignments were then performed using default parameters in MAFFT (Katoh & Standley 2013) . Sequences with ambiguous taxonomic assignment (e.g., species name containing '.spp ', 'var', etc.) were excluded from the analysis, as were rare sequences with collection dates prior to 1980. We also downloaded sequences from plants (markers: ITS, MatK, RbcL), amphibians (COI), and molluscs (COI), but the proportion of sequences with collection dates and coordinates was too low for a reliable analysis of temporal trends. to raster data structures using the R package 'raster' (Hijmans 2015) . Cropland area, pasture area, converted rangeland area, and built-up area were divided by grid cell land area to estimate the proportions of each cell consisting of each respective category. We then computed two grid cellspecific human impact variables: (1) 'human population density' (inhabitants/km 2 ), i.e. human population counts divided by grid cell land area, and (2) 'land use intensity' (ranging from 0 to 1), i.e. the summed proportions of cropland, pasture, converted rangeland, and built-up area in a grid cell, giving the proportion of land under intensive use.
Using sequence-specific geographic coordinates, all COI sequences were then overlaid on the HYDE 3.2 map closest in time to the year of sequence collection. All sequences were attributed a human population density and a land use intensity value based on the grid cell in which they fell. Sequences sampled between 2000 and 2016 were assigned year-specific human density and land use intensity values; however, due to the absence of yearly HYDE 3.2 data for years 1980-1999, sequences were assigned values computed from the most recent map, i.e. year 1980 for sequences collected between 1980 and 1989 and year 1990 for sequences collected between 1990 and 1999. Sequences from grid cells composed exclusively of water were excluded, as were sequences falling exactly on the border between two grid cells with (potentially) different land use categories. However, we included data from aquatic animals (e.g. bony fishes) found in grid cells that contained some land, reasoning that land use can impact inland and coastal waters and thus the animals found in these environments (Stoms et al. 2005; Dudgeon et al. 2006) . All data were processed using the 'tidyverse' collection of R packages (Wickham & RStudio 2017) .
To visualize our dataset, we examined the distribution of COI sequences with respect to geography, taxonomy, time, and human impact variables. We first generated a global map showing the number of sequences falling into each HYDE (5') grid cell, using R packages 'latticeExtra' (Sarkar & Andrews 2016) and 'rworldmap' (South 2011) . The number of sequences per year were tallied for each animal class (birds, fishes, insects, and mammals). We also determined whether sequences were under levels of human influence representative of global averages by comparing the distribution of human density and land use intensity values associated with 1) all HYDE 3.2 grid cells, worldwide and pooled across all years, and 2) the time and place of sequence collections.
For each class, we quantified the proportion of global taxa represented in our sequence dataset. We first retrieved genus, family, and order-level classification for all species using taxonomic information from the NCBI and the 'Integrated Taxonomic Information System' (ITIS) databases accessed through the R package 'taxize' (Chamberlain & Szöcs 2013) .
Supplemental information regarding Actinopterygii order classification was obtained from 'Fishbase' (Froese & Pauly 2018; www.fishbase.org) using 'rfishbase' (Boettiger et al. 2012 ).
Taxonomic information for species missing full classifications in NCBI, ITIS, and Fishbase (such as obsolete, or synonymous names) was retrieved from BOLD itself. This order was chosen to ensure that the classification was as current as possible. The total number of genera, families, and orders in each class was then obtained from the 'Catalogue of Life' 2018 database (Roskov et al. 2018; www.catalogueoflife.org/annual-checklist/2018/) in taxize and compared to the distribution of taxa in our dataset. This provided a rough estimate of the proportion of taxa included in our dataset; exact proportions cannot be calculated due to unresolved taxonomy and discrepancies among taxonomic references (Guralnick et al. 2007 ). The proportion of taxonomic representation obtained for Actinopterygii orders (95%) is likely an over-estimate due to large discrepancies in the number of orders present in different taxonomic databases; for example, some orders represented in BOLD/NCBI (and thus in our dataset) are not present in either Fishbase, nor the Catalogue of Life, and vice versa. Proportions for other classes and taxonomic levels should be more accurate as mismatches across databases were limited.
Calculating genetic diversity and human impacts at the population scale
Intraspecific genetic diversity should be computed at the population scale, aggregating sequences into groups of potentially interbreeding individuals. To split species-specific sequences into populations located in distinct geographical areas, we grouped all sequences from a given species across years and mapped their distribution in space. We then used a simple agglomerative (bottom-up) hierarchical clustering algorithm to group sequences based on spatial proximity, following the 'single linkage' clustering rule (Sneath 1957) . In this clustering method, sequences are grouped together as long as the maximum geographical distance among all sequences in the group does not exceed a maximum distance chosen a priori (x km; see below for chosen values). For example, with x = 10 km, two sequences A and B would be grouped in the same population if they are separated by 5 km, but a third sequence C would be placed in its own population if it is located more than 10 km from both A and B. We implemented this clustering method with the R function 'hclust' (method = 'single'), using a distance matrix of 'Great Circle' distances among sequences. Great circle distances represent geographic distances among objects along the surface of an ellipsoid; in this case a WGS84 ellipsoid used by the R function 'spDists' (package: 'sp'; Pebesma et al. 2018) .
To assess the scale-dependence of our results, we manipulated 'x' in the clustering algorithm, using four different minimum spatial distances for the creation of a new cluster/population: 10, 100, 1000, and 10,000 km (henceforth: 'scales'). Depending on the species, at the largest spatial scale (10,000 km), sequences spanning an entire continent may be grouped into one population, likely aggregating sequences from isolated and genetically divergent populations. Likewise, at the smallest spatial scale (10 km), sequences from one (true) population may be split into separate populations if no individuals were sampled in the middle of the population's range. A perhaps better alternative would be to use species-specific dispersal range information to group sequences into populations, however such information was not available for the majority of species included in our analysis. Moreover, important spatial biases in the distribution of COI sequences suggest that population ranges were rarely sampled in their entirety, and the mean great circle distance among sequences was 0 for ~ 50 % of species in our dataset, and for other populations distances were usually < 100 km ( Fig. S1 ). Therefore, with the data at hand, the best compromise to incorporate sequence sampling autocorrelation and scaledependence in our analysis was to examine whether our inferences were altered by the choice of clustering scale criterion.
Following this procedure, each sequence was attributed a unique population ID at each spatial scale (e.g. common redpoll, Acanthis flammea, in population '1' at scale = 10km, with a mean geographical location of 52.4 latitude and 4.54 longitude). Pairwise nucleotide differences were calculated among all sequences in a population with > 50% sequence overlap as in Miraldo et al. (2016) , using adapted Julia script available at https://github.com/mkborregaard/.
We then calculated the mean pairwise dissimilarity among population-specific sequence comparisons to estimate nucleotide diversity (̂), a measure of population genetic diversity (henceforth: 'diversity'; (Nei & Li 1979; Tajima 1993) . Since at least two sequences are required to calculate diversity, populations with one sequence were not considered. Diversity estimates with extreme values 10 standard deviations greater than the mean of all estimates were discarded. For populations with multiple years of data, separate ̂ values were computed for each year to assess temporal trends in diversity. It should be noted that spatial scale affects the number of sequences and populations in the dataset (Table 1) , as the spatial scale of sequence aggregation influences both the number of units into which species-specific sequences are split, and the probability that a sequence is rejected for being alone in its population.
For each population and at each scale, we calculated the geographical centroid of the population (latitude and longitude), the mean great circle distance among sequences contributing to each ̂ estimate, and the mean land use intensity and human population density of HYDE 3.2 grid cells from which the sequences originated. We also estimated the variance in human density and land use intensity among sequences, reasoning that populations covering more heterogeneous land areas could potentially have higher genetic diversity. However, populationlevel land use heterogeneity was strongly collinear with mean geographic distance among sequences, as populations with a large spatial extent were more likely to contain various types of land uses. We therefore excluded land use heterogeneity variables from the analysis, preferring to focus on the effect of geographic distance, a strong (and well-known) predictor of genetic diversity (Gratton et al. 2017) .
Spatial analyses
We examined the drivers of COI nucleotide diversity with generalized additive mixed models (GAMMs) fitted with the 'bam' function in the R package 'mgcv' (Wood 2017) . Models were constructed separately for each animal class and spatial scale of analysis. All GAMMs used a Tweedie error structure (with a log link function) to account for the zero-inflated, positive, and right-skewed distribution of diversity values. Because nucleotide diversity is likely better estimated with an increasing number of pairwise sequence comparisons, we used as model weights the log-transformed number of sequences contributing to a diversity estimate, divided by the mean log-transformed number of sequences of all diversity estimates belonging to a given class and spatial scale. To map diversity, we first fitted a GAMM with the following predictor variables: mean geographic (great circle) distance among sequences (a smooth term), latitude and longitude (a Gaussian process smooth to account for spatial autocorrelation), and year of sequence collection, a random effect which could influence diversity estimates if, for example, the error rate of sequencing technology has changed over time. The structure of this model was: diversity ~ s(distance, k=10, bs='tp') + s(lat, long, bs='gp', k=50) + s(year, bs= 're', k =5, m=1).
Following Gratton et al. (2017) , fitted values from this model were used to construct global maps of 'smoothed' COI nucleotide diversity, after removing the confounding effects of spatial autocorrelation and mean spatial distance among sequences in a population (setting it to 0 km).
Diversity values in 2 x 2 grid cells (a spatial resolution facilitating visualization) were predicted for all combinations of latitudes and longitudes with COI data available. Predicted values were obtained from GAMMs fitted at the 1000 km scale, which corresponded best to the grain size of the maps.
We then fitted another GAMM including additional predictors (smooth terms) hypothesized to influence genetic diversity: absolute value of latitude (in degrees), mean human population density, and mean land use intensity. The structure of this model was: diversity ~ s(distance, k=10, bs='tp') + s(lat, long, bs='gp', k=50) + s(year, bs= 're', k =5, m=1) +s(|latitude|, k=8, bs='tp') + s(human.density, k=8, bs='tp') + s(land.use, k=8, bs='tp'). All predictors were log(1+x)-transformed and then rescaled from 0 to 1 to facilitate model fitting. A few species contributed more than one population to our dataset, such that some data points might not be independent (Table 1: All models were validated with plots of residuals against fitted values and predictor variables, with autocorrelation functions (for temporal autocorrelation), and with variograms and maps of residuals (for spatial autocorrelation). We also ensured that the choice of basis dimension (k) was sufficiently high using the 'gam.check' function in mgcv. Multicollinearity was assessed with variance inflation factors, which were below 3 for all variables in all models.
Finally, we conducted a sensitivity analysis to determine whether the low number of sequences contributing to most diversity estimates influenced our results. Indeed, the median number of sequences compared across all diversity estimates was 3 (range = 2-1434 sequences; Fig. S6 ).
Using sequence number as weights in the GAMMs partly accounts for this problem; however, we also re-ran all analyses using a stricter data inclusion criterion, whereby all diversity estimates with fewer than 5 sequences were discarded. Given the dataset, this is the strictest criterion we could apply while keeping the same GAMM structure and fitting models for all combinations of animal classes and spatial scales. Results of GAMMs only including diversity estimates with > 5 sequences are presented in Figures S7-S11 .
Time series analyses
We investigated temporal trends in the subset of populations that were sampled repeatedly over time (4 or more years of data). This analysis was conducted exclusively at the 1000 km scale because smaller scales produced very few time series (e.g., < 10 series for some taxa), whilst at the largest scale (10,000 km), very distant individuals could be sampled in different years, thus conflating spatial and temporal influences on diversity. We chose 4 years as the minimum number of years and retained all diversity estimates regardless of their number of sequences because stricter thresholds led to too few time series for reliable analysis. These data inclusion criteria led to 909 time series from 873 species. With these, we first estimated Mann-Kendall trend coefficients (), a non-parametric test of monotonic (directional) trend based on the Kendall rank correlation. Statistically-significant coefficients below and above 0 respectively indicate decreasing and increasing monotonic trends of COI nucleotide diversity within a population.
We then fitted one GAMM per taxon, again using a Tweedie error structure and the relative log number of sequences as model weights, and re-scaling all predictor variables from 0 to 1. The model structure was similar to the spatial GAMMs described above, with the inclusion of a smooth term (thin plate spline) for 'year', a factor-smooth interaction (random effect) for population, and two tensor-product interactions between 'year' and 'human density' or 'land use intensity'. These tensor-product interactions allow temporal trends to vary along human impact gradients, allowing us to test the prediction that diversity is declining (faster) in impacted areas.
The model structure was as follows: diversity ~ s(distance, k=8, bs='tp') + s(lat,long, bs='gp', Again, we could not fit a random effect for 'species' given that most species included a single time series; we thus retained a single series per species (the longest) to avoid non-independence. Models were validated as described above for spatial GAMMs, and the statistical-significance of smooth terms was assessed with the 'summary.gam' function in mgcv.
Results
Our dataset includes a total of 175,247 COI sequences sampled from 17,082 species of birds (Aves), inland and coastal bony fishes (Actinopterygii), insects (Insecta), and mammals (Mammalia; Table 1 ). The aggregation of species-specific sequences sampled in the same area resulted in a total of 17,124-27,588 'populations', depending on the spatial scale of analysis.
Mapping the geographic location of sequences revealed a spatially heterogeneous pattern of sampling, with 70.2% of sequences originating from North America and Europe (Fig 1a) . With respect to taxonomy, the dataset was dominated (74%) by insect sequences (Fig. 1b; Table 1 ).
Moreover, for all classes, 1-3 speciose orders contributed a large proportion of sequences ( Fig.   1b ; see section 'Supplementary Results' in supporting information for additional information on taxonomic biases). Only a small proportion of the global number of species of birds, bony fishes, insects, and mammals was represented in our dataset, but this number increased significantly for higher taxonomic levels (families and orders), suggesting a phylogenetically-broad pattern of biodiversity sampling (Table 1 ). The number of COI sequences collected on any given year and deposited in GenBank or BOLD databases has increased for birds, fishes, and insects from 1980 to 2010 (Fig. 1c) . In contrast, mammal sequence collection seems to have reached a peak and remained stable from approximately 1985 to 2005 (Fig 1c) . All groups demonstrate a recent (~5 year) decline in the number of sequences, perhaps as a result of the lag between sequence collection and sequence availability in the databases (Fig. 1c ). Finally, sequences in the database originate from grid cells generally representative of the distribution of extensive heavy land use, however from areas with higher human population density than the mean of all grid cells across the world (Fig. 1d, e ). Fig. 2 shows global maps of smoothed COI nucleotide diversity where sequence data was available, after removing the confounding (positive) effect of spatial distance among sequences.
A latitudinal gradient was apparent for birds, fishes, and mammals, but not insects (Fig. 2) .
Generalized additive mixed models (GAMMs) confirmed that the geographic distance among sequences in a population was a strong positive predictor of genetic diversity in all taxa (Fig. 3a) .
This effect was strongest at large spatial scales (> 1000 km), when potentially distant and divergent sequences are aggregated into populations. At small spatial scales (10 and 100 km), mean geographic distances are small, such that there is not enough variance in distance to have a significant effect on diversity (Fig. 3a) . The absolute latitude of a population centroid was a negative but weak predictor of genetic diversity in birds, fishes, and mammals, but not insects (Fig. 3b ). This effect was visible in 3 out of 4 scales in all three taxa with significant latitudinal gradients, although the scales at which this effect was significant varied among taxa (Fig. 3b ).
Moreover, for fishes, the significant trend was entirely driven by latitudes close to the equator, and model uncertainty was important at higher latitudes (Fig. S3 ). Finally, human impacts on genetic diversity were taxon-dependent and generally weak (Fig. 3c, d) . The clearest effects were: 1) the negative impact of very high human population density on insect genetic diversity, apparent at all scales of analysis (at human densities > 5000 inhabitants/km 2 , corresponding to a value of 0.75 on the scaled axis; Fig. 3c ), and: 2) the negative impact of heavy land use on fish genetic diversity (when grid cells occupied by the animal population had 70% or more intensive land use), at all but the largest spatial scale (Fig. 3d ). Spatial GAMMs had low adjusted R 2 (< 0.2; Figs. S2-S5), indicating that despite the presence of some significant effects, the predictor variables included in this analysis (latitude, longitude, spatial distance among sequences, human impacts, and year of sequence collection) were not, collectively, strong drivers of COI nucleotide diversity. This could in part be due to the low precision of diversity estimates, many of which were based on a handful of sequence comparisons (Fig. S6) .
When fitting spatial GAMMs with more stringent data inclusion criteria (using diversity estimates based on ≥ 5 sequences, giving 10 potential pairwise comparisons or more), we confirmed the strong positive effect of geographic distance among sequences on genetic diversity, visible in all taxa at the two largest spatial scales (Fig. S7 ). However, negative effects of absolute latitude on diversity vanished in birds and fishes, while it remained visible in mammals ( Fig. S7 ), suggesting that a clear latitudinal gradient is only present in this taxon.
Negative impacts of human population density on insect genetic diversity and of land use on fish genetic diversity remained apparent at all scales in this analysis; in fact, these trends were strengthened by the exclusion of diversity estimates based on < 5 sequences (Fig. S7) . For bird and fish GAMMs, the stricter data inclusion criterion generally improved model R 2 (Figs. S8-S11), although values remained low (maximum adjusted R 2 across all models = 0.43).
A Mann-Kendall trend analysis of 909 time series of COI nucleotide diversity in populations with at least 4 years of data indicated that most time series showed no significant monotonic trend in diversity, regardless of time series duration (Fig. 4a ). In the 2.5% of time series with significant temporal trends, an equal number of time series showed positive vs.
negative trends (Fig. 4a ). GAMMs incorporating a smooth term for time and its interaction with human impact variables revealed no significant temporal trend in COI nucleotide diversity in birds, fishes, and mammals (Fig. 4b) . In insects, a significant trend was visible (at p < 0.01), driven by a modest reduction in diversity from 2010 to 2016 (Fig. 4b) . Tensor product interactions between year and human density or land use intensity revealed several significant interactions, showing that temporal trends in genetic diversity often varied along the two anthropogenic gradients-although effects were stronger for land use than for human population density (Fig. 4c, d) . For example, in fishes, diversity declined in populations experiencing heavy land use while it remained stable in less-disturbed populations, confirming the result obtained in the spatial analysis (Fig. 4d ). However, other interactions were complex and inconsistent with our predictions. For example, in mammals, genetic diversity pre-1990 was highest in areas with heavy land use, but then declined over time to the same mean value as diversity in areas with little land use, while in insects, temporal increases in diversity were greatest in areas with heavy land use (Fig. 4d ).
Discussion
Analyzing worldwide patterns of intraspecific genetic diversity in birds, fishes, insects, and mammals across space, time, and anthropogenic gradients, we show that the geographic distance among sequences was by far the strongest driver of diversity in the global dataset of animal mitochondrial sequences deposited on BOLD and GenBank (Fig. 3) . This confirms the necessity to account for this factor when measuring genetic diversity (Gratton et al. 2017) , especially when sequences are aggregated across large spatial scales. After accounting for the distance-decay of similarity, latitude still had an influence on the distribution of diversity for birds, fishes, and mammals. The elevated diversity documented in mammals at low latitudes (Miraldo et al. 2016; Gratton et al. 2017 ) therefore extends to our dataset of mammal sequences, as well as to birds and fishes (although in these two taxa, this result was uncertain and sensitive to rarefaction). We did not observe significant monotonic changes in genetic diversity; time series analysis revealed that the average temporal trend across populations was zero for all taxa but insects, the latter only showing a recent, weak, and uncertain decline in genetic diversity ( Fig. 4a, b ). However, some individual populations of fishes, insects, and mammals do demonstrate temporal changes in diversity, with an equal proportion of increasing and decreasing trends. Finally, the direction and magnitude of human impacts were taxon-dependent and not generally obvious, even at small spatial scales. As such, our initial hypotheses regarding human impacts were mostly unsupported, which also questions one of the key results of Miraldo et al. (2016) .
Current estimates indicate that up to 70% of the Earth's surface has been modified by human activities, especially within the last century (Foley et al. 2005) . Human impacts on the environment such as urbanization and land use intensification are known to influence intraspecific variation and species evolutionary parameters (DiBattista 2008; Hendry et al. 2008; Alberti et al. 2017; Fugère & Hendry 2018) , and can have both negative and positive effects on species diversity (Pautasso 2007; McGill et al. 2015) . It is therefore not surprising that we find complex, often weak, and always taxon-dependent human impacts on diversity-that is, it might be overly simplistic to always expect lower diversity in impacted areas. However, two of our findings, robust to rarefaction and clearly visible across spatial scales of analysis, warrant further attention given their potential importance for conservation. First, we found lower insect genetic diversity in areas with high human densities, which is consistent with the dramatic contemporary decline in insect abundance attributed in part to habitat loss and urbanization (Lister & Garcia 2018; Sánchez-Bayo & Wyckhuys 2019) . Second, intensive land use had a negative impact on fish genetic diversity, a finding apparent in both spatial and time series analyses. Apart from these two general trends, changes in the magnitude and sometimes direction of human impacts through time also reinforce the need for taxon and population-specific studies, and suggest that attempts at generalization will be challenging.
While our results do not robustly support the finding that intraspecific genetic diversity is lower in human-dominated areas (Miraldo et al. 2016) , we believe that detrimental effects of human activity on global genetic diversity is still a potential outcome-but one that is difficult to detect because of data limitations and analytical shortcomings. For example, areas with heterogeneous land use may harbour higher genetic diversity than homogeneous landscapes; however, our models could not incorporate land use heterogeneity due to its strong collinearity with the mean pairwise geographic distances among sequences. Future analyses could perhaps solve this issue by employing statistical methods that are robust to collinearity (e.g. machine learning approaches). Another limitation is that a large proportion of sequences in our dataset originate from a single 'site' (set of coordinates), especially at small spatial scales. Without sufficient spatial variation among sequences, we cannot effectively test the importance of spatial scale and land use heterogeneity on genetic diversity and incorporate, for example, 'neighbour effects' of land use on diversity in adjacent areas. At large spatial scales (e.g. 10,000 km maximal geographic distance), sequences do vary in geographic location, but to such an extent that isolation by distance necessarily becomes the main determinant of genetic diversity. Finally, another important advancement for the future assessment of global genetic diversity trends would be to incorporate species traits, dispersal potential, and phylogeny, all of which could influence relationships between diversity and anthropogenic drivers (Wiens 1989; Levin 1992; Chave 2013; Schiebelhut & Dawson 2018) . For example, recent analyses suggest that movement distances have been decreased in human modified landscapes (Tucker et al. 2018) , which may be affecting population connectivity and thus genetic diversity.
We also acknowledge that the COI locus does not evolve under neutrality (Pentinsaari et al. 2016 ) and that sequence variation at this one mitochondrial locus does not reflect genomic intraspecific diversity, nor may it necessarily reflect anthropogenic pressures (Bazin et al. 2006 ).
More appropriate genetic tools and metrics are known for measuring neutral intraspecific diversity (e.g., microsatellites, allelic diversity); however, there is currently no global database for these data. COI is thus one of few genes with abundant sequences in common databases (Porter & Hajibabaei 2018) , with metadata readily available (e.g. spatial coordinates and year of sequence collection), and with sequences available for a large number of species (likely due to the use of COI for species identification); hence the use of COI in a previous global assessment of genetic diversity (Miraldo et al. 2016) . Despite this wealth of COI data with collection years, we still noted some taxonomic gaps in the database, e.g. a small number of Coleoptera sequences despite this order accounting for a large number of insect (and animal) species. As outlined in Supplementary Results, a few individual species contributed a disproportionately large number of sequences. Moreover, a majority of populations in our dataset were represented by < 10 sequences and/or a single year of data, which limits the precision of diversity estimates and constrains time series analyses. All of this suggests that data limitations still hinder our ability to assess global patterns of genetic diversity.
In conclusion, anthropogenic activity has complex, taxon-specific effects on intraspecific genetic diversity, such that one cannot simply conclude that genetic diversity is generally lower in human-impacted areas. There is a clear need to establish a global and systematic monitoring program to gather more data on intraspecific diversity (Mimura et al. 2017) . For example, more time series of genetic diversity within individual populations are urgently needed. The lack of replication in time is a persistent problem in modern ecology (Estes et al. 2018) and evolutionary biology that is constraining our ability to make strong inferences about global patterns of biodiversity change (Gonzalez et al. 2016; White 2019) . We also urge data collectors to upload metadata such as collection year and spatial coordinates when depositing sequences in databases-a remarkably large number of sequences in GenBank do not have a collection year (e.g. 95% of amphibian sequences, hence their exclusion from this analysis; Marques et al. 2013; Pope et al. 2015) . Global monitoring of genetic diversity would improve our ability to detect change and attribute the causes of worldwide patterns of spatial and temporal variation in genetic diversity we report here. support from the Natural Sciences and Engineering Research Council of Canada (NSERC) and the Quebec Centre for Biodiversity Science (QCBS). AG is supported by the Liber Ero Chair in Biodiversity Conservation and a Killam Fellowship. 
